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Abstract 
Mental workload and its effects on surgical performance are underexplored topics, despite 
their importance for operating room (OR) efficiency and patient safety. We developed a 
multimodal platform that can simultaneously collect data from EEG, heart rate and breathing 
rate, tool handle pressure, and eye tracker from mobile subjects. We performed experiments 
using the Fundamentals of Laparoscopic Surgery model, with 22 subjects of varying skill 
levels ranging from nonsurgeon to expert. The results indicated significant modulations of the 
measurements depending on pupil size, heart rate variability, P300 response, tool pressure, 
task difficulty, time-on-task, and skill level. These provide evidence that physiology based 
metrics can be used in automated classification of fine gradations of skill, the assessment 
and certification of surgery trainees, developing real-time flags and warnings for the OR, and 
validating new OR technology. 
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Introduction 
About 15 million operating room procedures are performed annually in the U.S. (Weiss & 
Elixhauser, 2006). A "hotspot" for medical errors, inpatient surgery is associated with 0.4-
0.8% rate of death and 3-17% rate of major complications (Haynes et al., 2009). Studies 
suggest that about half of surgical complications are avoidable (Gawande, Thomas, Zinner, 
& Brennan, 1999; Kable, Gibberd, & Spigelman, 2002) and high-functioning teams have 
significant reductions in the number of adverse events (Mazzocco et al., 2009). New 
techniques that are being introduced potentially improve patient safety but impose dramatic 
new demands on surgeons' abilities and workload. More than one million laparoscopic 
surgeries are performed annually in the U.S. where a surgeon operates with an indirect, 
narrow visual access and minimal tactile feedback. Such conditions require new skills with 
different learning curves and new training methods beyond the traditional master-apprentice 
format (Van Hove, Tuijthof, Verdaasdonk, Stassen, & Dankelman, 2010). In fact as 
healthcare patterns shift toward prevention and quality, previously unexamined aspects of 
the operating room come into sharper focus and surgeons and trainees are scrutinized for 
their performance (Kao & Thomas, 2008; Kohn, Corrigan, & Donaldson, 2000; Pavlidis et al., 
2012; Risucci, Geiss, Gellman, Pinard, & Rosser, 2001). 
 
Surgeons use sophisticated instruments for extended periods often under time pressure, 
communicate with nurses and anesthesiologists, and interact with the complex interfaces of 
monitors. They possess technical skills acquired through long training. They also deploy an 
array of non-technical skills (Yule et al., 2008). These include situation awareness (gathering 
and understanding information and anticipating future states) and task management 
(responding to change). A strategic action may be, for example, deciding whether to convert 
a laparoscopic to an open-incision procedure. If the primary tasks (e.g. suturing) present 
unusual difficulty, this may impair the detection of an important alarm (Frédéric Dehais et al., 
2014) or undermine proper planning. Even nearly automated mental processes, such as 
correcting for camera angle (Klein, Riley, Warm, & Matthews, 2005) or mismatches between 
the endoscope's optical axis and the instruments' plan on the monitor (Patil, Hanna, & 
Cuschieri, 2004) may be taking resources away from the surgeon's overall functions. 
Changes in mental workload due to training or new instrument design will have far reaching 
implications not only for efficiency but also for patient outcomes.  
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Behavioral and physiological measurements can help improve surgeons’ workload 
monitoring. In developing measures of surgeon workload, hybrid or multi-modal approaches 
are preferable to unimodal ones, since they are able to deliver greater sets of information 
that illuminates the operator's functioning from multiple perspectives. Distinct measurement 
methods often have different strengths and shortcomings and may compensate for each 
other's artifacts. Furthermore, as hardware becomes increasingly miniaturized and sensor 
design improves, the cost and effort related to including additional modalities decreases 
(Gramann et al., 2011).  
 
Yurko et al. (2010) utilized NASA-TLX to analyze the laparoscopic performance of novice 
trainees and to explain the extent of the transfer of their simulator-acquired skill to the 
operating room (OR). They found that the mental and physical demand ratings obtained at 
the beginning of training predicted part of the subsequent animal operating room 
performance scores (inadvertent injuries and suturing quality). Subjective methods such as 
NASA-TLX may be disruptive and only provide intermittent information. However the 
usefulness of the information highlights the need for unobtrusive, continuous means for 
tracking surgeon mental load. 
 
Despite the apparent need, mental workload tracking in the OR using physiological 
measurements is under-explored. Although some studies have used physiological 
measurements to compare standard versus robotic assisted surgery (Hubert et al., 2013) or 
monitored surgeons using electroencephalography (Zander et al., 2016), we are not aware of 
any study that uses multimodal techniques in this area. We present a system of 
measurements for the operating room whose immediate purpose was to generate a large, 
multimodal dataset suitable for quantifying mental workload. The acquired datasets were 
recorded from electroencephalography (EEG), eye-tracking, electrocardiography, 
plethysmography and instruments with pressure sensors. We thus computed the pupil 
diameter (Peysakhovich, Causse, Scannella, & Dehais, 2015) and heart rate variability 
(Durantin, Gagnon, Tremblay, & Dehais, 2014) that are commonly used to assess mental 
effort in response to task demand. We also measured auditory evoked potentials (AEP), 
generated by low probability auditory stimuli, that are useful for investigating the effects of 
workload on perceptual processing (Roy et al., 2015) and have proven to be an efficient 
indirect means to derive mental workload in multitasking scenarios (Roy & Frey, 2016)  . 
Expected benefits from this ongoing research effort include improved training programs and 
certification, more effective development of new technology, real-time safety alerts, and 
models capable of assisting OR management. Beyond this, the system is intended as a 
source of data that can be mined in order to quantify team dynamics and efficiency. 
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Methods 
We performed experiments with 22 healthy volunteer subjects (4 females) on the 
Fundamentals of Laparoscopic Surgery (FLS) model of assessment (Vassiliou, Dunkin, 
Marks, & Fried, 2010). The subjects varied in level of experience (4 experts or board certified 
surgeons; 8 surgical residents from Post Graduate Years (PGY) 1-4; 10 nonsurgeons or 
beginners with no experience with FLS). They performed standard manual tasks peg 
transfer, string pass, and circle cut, listed in order of increasing difficulty (Peters et al., 2004). 
During performance their brain activity was recorded at 500 Hz using a 20 channel dry-
sensor EEG at the International 10-20 electrode sites with ear lobes as the reference and 
ground (Quick-20, Cognionics Inc.). Pupil size and point-of-regard data were collected by an 
infrared-based eye tracking system at 60 Hz (The EyeTribe Tracker). Hexoskin wearable 
vest (Carré Technologies Inc., Montreal, Que., Canada) was used to monitor heart rate (HR) 
and breathing rate (BR).  
 
In addition, an in-house designed pressure sensor was mounted at both left and right tool 
handles to monitor the force exerted by the subjects' thumbs while operating the instruments. 
We formulated several metrics likely to reveal differences of skill and training. Active time 
segments were defined as those when the pressure was above a fixed threshold. We defined 
Right-Left Overlap as those time segments when the right and left pressures were both 
Active. Finally we defined Right-Left Asymmetry as  /R L R L   where R  (and L ) was 
the time average of the amplitude of the right (and left) tool pressure. We verified that the 
derived measures were not significantly affected by changes in the threshold within a wide 
range of values. 
 
Figure 1 illustrates a participant using the experimental setup and the types of data that were 
collected. The figure includes an additional device for monitoring tool trajectories (Smart 
Trocar (Toti, Garbey, Sherman, Bass, & Dunkin, 2015)) whose data were not used in this 
paper. 
 
Regarding the experimental protocol, sound probes were displayed during the surgical 
training task (100 ms duration, every 3 s on average, selected randomly from 6 different 
frequencies (750-2000 Hz)). The subjects were instructed to ignore the sound probes. All 
modalities were centrally controlled from a graphical user interface (GUI) capable of 
configuring the type of experiment to be performed, stimulus type (only sound probe was 
implemented), the data modalities to be included in the recording, as well as displaying video 
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feedback from the FLS camera. Implemented in Matlab (The MathWorks, Inc., Natick, 
Massachusetts, United States), the GUI is part of a software platform that collects real-time, 
synchronized data from all modalities and stores them for off-line analysis. To study the 
effects of expertise and task difficulty, each subject performed Peg Transfer, String Pass, 
and Circle Cut while multimodal data were collected. In a subsequent experiment designed 
to measure the effects of time-on-task, groups with different skill levels (expert and surgical 
resident) performed peg transfer three times without a break. Each session was preceded by 
a one minute resting state recording. 
 
To calculate the heart rate variability (HRV) from the ECG data, a widely used marker of 
autonomic activity (Task Force of the European Society of Cardiology, 1996), the time series 
of the normal-to-normal intervals in the electrocardiogram was resampled onto a regular time 
grid with cubic spline interpolation, and the spectral power in its low frequency (LF) (0.05-
0.15 Hz) and high-frequency (HF) (0.15-0.5 Hz) bands were extracted. The HRV was defined 
as HF/(HF+LF). 
 
As regards the EEG data, although (Zander et al., 2016) have shown the interest of studying 
frequency measures extracted from the EEG to perform mental workload monitoring during 
laparoscopic tasks, in this study we investigated whether event-related potentials (ERPs) 
extracted from ignored auditory probes (Roy et al., 2015; Roy & Frey, 2016) could also be 
used to monitor training during FLS. Indeed, tasks that require discrimination between 
classes of stimuli evoke in particular a large positive voltage deflection during about 300-500 
ms after stimulus onset, known as the P300 component. The amplitude of the P300 is larger 
when the subject's attention is more focused on the task, and it is modulated by numerous 
factors including cognitive ability and mental workload (Gevins & Smith, 2000). We therefore 
chose to focus on P300 in this study and extracted its amplitude from electrode Cz. 
 
Several statistical comparisons were performed on the extracted markers to determine the 
impact of expertise, training time and surgery sub-task. The significance of inter-group 
differences was determined by using the one-way Anova test.  
 
Results 
Figure 2 shows the results derived from measurements from subjects of varying skill levels 
during FLS tasks of varying difficulty. (A) The circle cut exercise resulted in subject averaged 
pupil size significantly different from that during String Pass, an easier task. The average 
pupil size in peg transfer, the easiest task, although similar to that of String Pass, did not 
significantly differ from the other tasks. (B) Heart rate variability varied significantly between 
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operators of different skill levels (Expert and Nonsurgeon) performing the same set of FLS 
exercises. (C) The subject averaged P300 amplitude of response at Cz to sound probe 
decreased (regardless of skill level) as subjects spent more time on a repeated Peg Transfer 
task. 
Figure 3A shows a segment of the tool pressure time series from two participants. The Expert 
time series was shifted up for clarity. As the pegs were picked up one by one by the left tool 
and passed to the right tool, the Expert's left and right pressures indicated a phase-locked 
wave pattern, absent from those of the Resident.  
Figure 3B shows that pressure derived metrics (the fraction of Active time, Right-Left Overlap, 
and Right-Left Asymmetry) were significantly different between the Expert and Resident 
groups. 
Discussion  
Here we examined the feasibility of multimodal physiological measurements for tracking 
mental workload during surgery. We developed a platform that can simultaneously collect 
data from EEG, heart rate and breathing rate, tool handle pressure, and eye tracker from 
mobile subjects. The FLS assessment model was used as the experimental setting. The 
results indicated that the FLS task difficulty correlated significantly with pupil size and that 
HRV was related to operator skill level, indicating that untrained operators experienced a 
task to be harder (Durantin et al., 2014).  
 
The P300 response to the ignored sound probes decreased significantly with training and 
time-on-task during a repeated FLS task. The effects of time-on-task and learning are always 
difficult to disentangle. Fatigue and workload effects often interact (Roy, Bonnet, 
Charbonnier, & Campagne, 2013) and monitoring systems should be designed to take these 
phenomena into account.  In any case this amplitude decrement could be expected from the 
mental fatigue monitoring literature (Frederic Dehais et al., 2018). In addition our setup 
showed that the applied pressure on the tool handles contained patterns capable of robustly 
discriminating between Experts and Residents. Such metrics can be developed further to 
provide mechanisms for the automated classification of finer gradations of skill, the 
assessment and certification of surgery trainees, real-time flags and warnings for the OR, 
and validation of new OR technology. 
 
An advantage of multimodal quantification of operators' activities is that such measurements 
can reveal varying degrees of effort that may go into similar levels of overt performance. 
Under some conditions, for example in testing a new instrument, a surgeon may make extra 
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efforts to increase her primary task performance at the expense of additional mental load 
which may go undetected. If secondary tasks are introduced they may influence the primary 
task, or fail to provide accurate estimates because the subject did not reach capacity (Byrne, 
Tweed, & Halligan, 2014). Behavioral metrics may decouple from the mental load also when 
trainees attain a performance plateau, where the only effect of additional practice is to 
decrease the mental load (Wickens, Hollands, Banbury, & Parasuraman, 2015). If the trainee 
stops practicing at this stage, they may be left unprepared for the stressful situations that 
may arise later (Carswell, Clarke, & Seales, 2005; Johnston & Cannon-Bowers, 1996).  
 
Conclusion 
Despite mounting evidence, the field of surgery has not received sufficient attention from 
researchers developing physiology based methods to continuously track operators' mental 
workloads. Results presented here suggest that quantifying mental workload and other 
previously unexplored aspects of surgery through multimodal measurements can improve 
surgery training, and ultimately impact efficiency and safety in OR. 
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Figure 1 Types of data being collected while a participant uses the experimental setup. 
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Figure 2 Results from (A-B) three types of standard FLS tasks and (C) three repetitions of the peg 
transfer task. (A) Pupil size as a function of type of task. (B) HRV as a function of skill level. (C) 
Amplitude of the P300 response to sound probe as a function of time-on-task. (*p<0.05; **p<0.01.) 
 
 
Figure 3 Results derived from tool pressure measured continuously as subjects (Expert and 
Residents) performed the peg transfer task. Pressure time series often differed visibly between 
Experts and Residents (A). The fraction of time during which the pressure was above a fixed threshold 
(Active), the fraction of time during which Right-Left pressures were both Active (RL-Overlap), and the 
Right-Left pressure asymmetry (Asymm) were significantly different between two groups (B). 
(*p<0.05.) 
 
 
